In Brief
Single-cell transcriptomic analysis of bone marrow myeloid progenitor populations reveals early transcriptional priming toward seven different fates and absence of progenitors of mixed lineages, challenging the current models of hematopoiesis based on progressive loss of differentiation potential.
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INTRODUCTION
Hematopoiesis is the dynamic process by which self-renewing stem cells (HSCs) generate progeny that differentiate into progressively restricted cells of the erythroid, myeloid, or lymphoid lineages (Becker et al., 1963; Etzrodt et al., 2014; Orkin and Zon, 2008; Seita and Weissman, 2010; Wilson et al., 2009 ).
This hierarchy is currently modeled using a canonical hematopoietic cell lineage tree ( Figure S1A ) that defines a set of progenitor and mature cell types (the tree nodes) and associates them with a discrete set of differentiation stages (the tree branches). In this model, each terminal cell type can be traced backward through the tree in a (unique) theoretical sequence of progenitors, ending up at the HSC origin. Despite the unequivocal evidence for the hierarchical and branching nature of hematopoietic differentiation, recent conflicting evidence relating to the function, differentiation fates, and unexplained heterogeneity within hematopoietic compartments calls for new approaches to complement our current models of blood and immune system development (Arinobu et al., 2007; Levine et al., 2015; Murre, 2007; Pronk et al., 2007; Schroeder, 2010; Wilson et al., 2008; Yamamoto et al., 2013) .
The remarkable discoveries leading to the current models of hematopoiesis were founded on the technological breakthroughs enabling multicolored fluorescence-assisted cell sorting (FACS) using monoclonal antibodies. These technologies allow for the isolation and further analysis of cells that are characterized by the existence of specific combinations of surface markers (Seita and Weissman, 2010) . Functional in vitro colony assays and in vivo transplantation assays led to characterization of the molecular and functional properties of such subpopulations Kondo et al., 1997 Kondo et al., , 2000 and formed the basis for our current models of hematopoietic hierarchy that are utilized extensively in both research and clinic. For example, the entire myeloid compartment ( Figure S1A ) can be isolated from bone marrow using a specific combination of molecular surface markers that separate the common myeloid progenitors (CMP) and their direct progenies: megakaryocyte/erythrocyte progenitors (MEP) and granulocyte/macrophage progenitors (GMP) Kondo et al., 2000) . These cells have been shown to lose their potential to differentiate into lymphocytes but are capable of giving rise to non-lymphoid white blood cells, red blood cells, and platelets-all of which feature a distinct morphology and carry out diverse functions. The success of marker-based approaches for dissecting hematopoiesis is dependent on the existence of cell-surface markers specific for distinct progenitors with highly organized and deterministic hierarchies. It also relies on the idea that captured cell populations are not perturbed during functional assays. However, recent studies suggest that these assays should be taken with some caution, as they involve severe perturbation of the host hematopoietic niche structure and major systemic stress in the recipient . Recently, as the functional and fate coherence of CMP and other progenitors is challenged by observations from multiple groups (Adolfsson et al., 2005; Arinobu et al., 2007; Bendall et al., 2014; Gö rgens et al., 2013; Levine et al., 2015; Murre, 2007; Pronk et al., 2007; Schroeder, 2010; Wilson et al., 2008; Yamamoto et al., 2013) , it has become difficult to follow up functional evidence with continuous refinement of the tree model (Murre, 2007) . Whether new and better markers can resolve this difficulty or whether it requires the incorporation of additional analytical and experimental tools is currently being debated (Etzrodt et al., 2014) .
Differentiation of hematopoietic progenitors into distinct lineages is contingent upon activation of specific and tightly regulated gene expression programs, orchestrated by lineagedetermining transcription factors (TFs) (Cantor and Orkin, 2002; Graf and Enver, 2009; Moignard et al., 2013; Orkin et al., 1998; Orkin and Zon, 2008; Pevny et al., 1991) . Several factors have been shown to play critical roles in myeloid and erythroid development. Pu.1 is an essential factor for reconstitution of the myeloid lineage (Graf and Enver, 2009) . Cebp-a, -b , and -ε play major roles in commitment toward several myeloid cell types, primarily granulocytes, macrophages, and monocytes (Dahl et al., 2003; Laiosa et al., 2006; Tavor et al., 2002; Verbeek et al., 2001; Zhang et al., 1997) . Irf8 has also been implicated in myeloid lineage commitment, particularly for the monocyte and dendritic cell (DC) lineages (Becker et al., 2012; Kurotaki et al., 2014) , while Gata1, Klf1, and Gfi1b are essential for erythrocyte and megakaryocyte lineage commitment (Iwasaki et al., 2003; Orkin et al., 1998; Pevny et al., 1991) . The functions of many of these TFs are highly conserved from mouse to human, and their mutations cause severe lineage abnormalities and blood tumors (Cantor and Orkin, 2002; Rosenbauer and Tenen, 2007) . Linking gene regulatory mechanisms to differentiation programs in myeloid populations thereby remains challenging, relying mostly on in vitro assays or perturbations followed by specific FACS readouts (Schroeder, 2010) .
Single-cell RNA-seq enables unbiased characterization of cell types in complex tissues such as the spleen or the brain (Zeisel et al., 2015) . Applications to dynamic and partially differentiated cell populations such as those observed in hematopoiesis are currently restricted to the usage of conventional surface markers, single-cell qPCR, or mass cytometry (Bendall et al., 2014; Guo et al., 2013; Levine et al., 2015; Moignard et al., 2013) . The results supported earlier data suggesting considerable heterogeneity within classically sorted hematopoietic populations, including CMP (Guo et al., 2013; Moignard et al., 2013; Pronk et al., 2007) . These findings implicate deep genome-wide sampling by single-cell RNA-seq as an appropriate tool to systematically resolve myeloid progenitor heterogeneity and to assess whether early differentiation in this system occurs as classically suggested by hierarchical specification of CMP cells into the MEP and GMP lineages.
Here, we combine massively parallel single-cell RNA-seq (MARS-seq; Jaitin et al., 2014) with indexed FACS sorting, functional assays, chromatin profiling, genetic perturbation, and computational modeling to comprehensively characterize de novo the transcriptional and differentiation space of myeloid progenitor populations. Our integrated approach is defined by its sensitivity to uncover, without prior assumptions, in vivo subpopulations representing as little as 0.2% of the assayed compartment. This provides a definitive working model for the functional diversity of myeloid progenitors, defining 18 different subpopulations (and one outlier lymphocyte group) with variable degrees of transcriptional specificity toward erythrocytes, megakaryocytes, monocytes, dendritic cells, neutrophils, basophils, and eosinophils. Chromatin profiling suggests that transcriptional priming is coupled with in vivo developmental commitment. Functional assays are partially overlapping transcriptional sorting and chromatin profiling, which suggests that transplantation experiments may involve some degree of reprogramming that affects the in vivo priming of hematopoietic progenitors. Our model also outlines the potential activity of TF circuits within and between these subpopulations, and integration of genetic perturbation with single-cell RNA-seq enables further dissection of the TF drivers of the myeloid specification process. These data establish single-cell RNA-seq Ramskö ld et al., 2012) as a new tool for systematic characterization of developmentally plastic and highly dynamic cell populations in hematopoiesis and other tissues in both research and clinical applications.
RESULTS
Mapping the Transcriptional Landscape of Myeloid Progenitors
To characterize the distribution of transcriptional states within myeloid progenitor cells, we sorted c-Kit + Sca1 À lineage (Lin) À bone marrow cells and sequenced their mRNA using MARS-seq (Experimental Procedures; Jaitin et al., 2014) . Utilizing index sorting ( Figure 1A ; Experimental Procedures), we recorded the levels of the conventional surface markers that separate myeloid progenitors into CMP, MEP, and GMP (CD34 and FcgR) for each sorted single cell (Figures S1B-S1G; Experimental Procedures). Clustering analysis of 2,730 filtered single-cell profiles created a detailed map including 19 transcriptionally homogeneous subpopulations . These clusters were based on differential expression patterns of >3,461 genes, allowing identification of subpopulations varying in frequency from 0.3% to 13%. Analysis of key marker genes (Figures 1C and S3) and global correlation analysis ( Figure S2C ) were used to order the transcriptional clusters and further examine their inter-cluster relationships. The sensitivity of our clustering (i.e., n = 19) was determined using a two-stage process that first optimized a likelihood function and then ensured that no individual gene is maintaining a high intra-cluster variance (Experimental Procedures). We note that our model does not preclude the possibility of more sensitive or more coarse-grained clustering, since the population we analyze is not demarcated into simply defined cell types but involves variation at several levels. This resulted in specific and manually curated detection of all subpopulations with clearly distinct transcriptional profiles and in several clusters dissecting a continuum of broader groups of cells with strong co-variation among their genes. We found that, while some of the single-cell clusters (e.g. C1-C6, C14-C15, C16-C17) form groups that express marker genes corresponding to erythrocyte, monocyte, and neutrophil progenitors, other clusters (C7-C13) showed specific and distinct progenitor expression distributions that were not aligned with a simple hierarchical model of the population (Figures 1C and S3) , as we discuss below. At the present sampling depth and MARS-seq coverage efficiency, our screen can detect subpopulations of 0.2% (5-6 cells) frequency or more. This provides us with a comprehensive and unbiased model for studying early myeloid and erythrocyte specification in the bone marrow.
Cell-Surface Markers Are Limited in Their Ability to Define Progenitor Populations
Analysis of the distribution of CD34 and FcgR indices for each of the above transcriptional clusters indicated that FACS markers are poor predictors for the single-cell structures identified by MARS-seq. We analyzed ( Figures 1D-1E ) the degree of correspondence between the standard FACS definitions for MEP, GMP, and CMP and the single-cell profiles, observing two types of FACS errors that are affecting current studies in the field. First, we observed misclassification based on CD34 and FcgR thresholds, leading, for example, to mispositioning of cells from clusters showing erythrocyte, neutrophil, monocyte, and basophil expression profiles out of the common GMP or MEP gate and into the CMP territory (e.g., C14, Figure 1E ). Second, we observed lack of resolution in the selected marker classification, preventing separation of groups among themselves ( Figure 1E ). Lack of discriminative power was particularly noticeable in groups of progenitors that showed highly distinct transcriptional profiles (e.g., megakaryocyte, erythrocyte, DC, and basophil progenitors) but were clustered together as CMP based on FACS markers (C7-C12, Figure 1E ). These effects explain some of the heterogeneity observed in CMP and the lack of clear understanding of the regulatory circuits and functional potential in this group. In the future, such data can improve surface marker selection to further enrich for subpopulation of interest ( Figure S3 ). Nevertheless, our data suggest that any surface marker, and in particular CD34 and FcgR, is limited in its capacity to fully capture the internal state of progenitor cells and to faithfully reflect the mechanisms underlying its regulation and dynamic differentiation potential.
Transcriptional Regulators of the Myeloid Progenitor Populations
The sample depth and genome-wide nature of our single-cell transcriptional profiles enable us to quantitatively characterize cluster-specific gene expression. Table S3 .
To characterize the gene-regulatory networks that underlie this marked diversification of transcriptional programs within the myeloid compartments, we quantified the expression level of all TFs that were correlated significantly with the identified cluster structure. We then linked TFs with clusters based on their expression signatures. This analysis resulted in a detailed model for putative gene-regulatory mechanisms in myeloid progenitors, including established as well as previously uncharacterized factors .
Clusters C1-C6 showed strong association with known erythrocyte TFs, including Klf1, Gata1, Gfi1b, and factors that were not previously linked with erythropoiesis, including Cited4 and Phf10. Interestingly, clusters C1-C7 represent a gradient of erythrocyte transcription, from early progenitor expression in cluster C7 toward cluster C1, which strongly expresses hemoglobin and other erythrocyte functional genes. This gradient is clearly reflected in the expression levels of Klf1, Cited4, and Gfi1b ( Figure 2C ). Other TFs showed different quantitative profiles along the gradient described by cluster C7-to-C1, suggesting that their regulation may participate in driving the differentiation process. Early progenitor TFs like Gata2 and Meis1 were still expressed in cluster C7 but were repressed in the clusters representing more differentiated progeny. Finally, several TFs, including cell-cycle regulators such as Mbd4 and E2f4, were enriched in clusters C1-C7 while still showing expression in other clusters. Importantly, and unlike current models, none of these ''MEP'' clusters showed any expression of megakaryocyte markers or prominent megakaryocyte TFs and may therefore be termed erythrocyte progenitors (EP). Instead, both megakaryocyte markers (Pf4 and CD41) and TFs (Pbx1, Fli1, Mef2c) were expressed in cluster C8, for which CD34 or FcgR marker intensities were incompatible with MEP standard gating and sorting. Given the single-cell data, we hypothesize that the erythrocyte clusters C7-to-C1 represent a developmental continuum of erythrocyte differentiation, which reflects progressive activation of the erythrocyte functional gene expression program and uncovers many previously unknown regulators of this process.
We observed a more combinatorial structure in clusters C12-C17. These clusters were characterized by high levels of both Pu.1 and Cebpa ( Figure 2C ). Their subdivision into monocytes, granulocytes, and basophils was marked by specific expression of additional factors. Irf8 (Kurotaki et al., 2014; Wang et al., 2014) was highly enriched in monocyte clusters (C14 and C15 in addition to specific enrichment in C11 as discussed below). Cebpe and Gfi1 were enriched in the neutrophil and eosinophil clusters (C16-C17 and C18), consistent with their known role in neutrophil differentiation and repression of the basophil lineage (Liu and Dong, 2012) . Lmo4 and Runx1 were enriched in the basophil clusters (C12 and C13), suggesting that these TFs are major drivers of this lineage. We also detected TFs positively enriched for all of the above clusters (but not the erythrocyte clusters), including Stat3, Etv6, and Foxp1. Together, single-cell profiles provide a remarkably rich outline for the regulation of erythroid and myeloid lineages, distinguishing TFs with highly specific expression patterns from more global lineage regulators and allowing unbiased association of TFs to rare (e.g., basophil and eosinophil) and more abundant (e.g., erythrocyte and neutrophil) groups. Linkage between expression of TF genes and target regulation cannot be automatically inferred from single-cell expression data alone due to possible time lags between expression of a TF and its downstream targets. Nevertheless, Figure S3A indicates that the physical targets (as inferred from chromatin immunoprecipitation sequencing [ChIP-seq] data) of the major putative TFs in our clusters show correlated expression to the TF gene dynamics outlined above.
Dissecting Heterogeneity between and within Small Progenitor Subpopulations
We defined clusters C7-C11 in our model ( Figure 2C ) as early progenitors since they lack strong expression of lineage-defining markers and TFs (e.g., Car1,2/Klf1/Gata1 or Mpo/Elane/Pu.1/ Cebpa) and showed expression of stem cell TF and marker genes (e.g., ApoE, Meis1, and Serpina3f [Riddell et al., 2014; Winkler et al., 2005] ). Based on FACS, these subpopulations generally sort within the previously defined CMP territory, but their transcriptional distributions suggest more heterogeneity and subpopulation-specific expression than common stem cell characteristics. For example, cluster C8 was defined by high expression of Pf4, Itga2b (CD41), and the TFs Pbx1, Mef2c, and Fli1, which suggests a megakaryocyte fate. Cluster C11 was marked by distinctive expression of Cd74 and other MHC-II related genes and by co-expression of the TFs Irf8 and Id2, linking it with a DC fate. Cluster C7 showed early erythrocyte characteristics, with Gata1 and Klf1 already expressed at low levels. In both clusters C7 and C8, we observed high levels of Gata2 and Zfpm1, linking the early megakaryocyte and erythrocyte progenitors by a possibly common regulatory mechanism. In contrast, clusters C9 and C10 were defined specifically by low but significant Pu.1 and Cepba expression levels and also showed enrichment for several marker genes (e.g., Flt3, Irf8 for C10; Figures 2B-2C and S3B-S3C), probably reflecting early monocyte and granulocyte progenitors. To define the regulation and possible sub-structure of these early myeloid progenitors, we sought to increase their MARSseq coverage by sub-sorting based on additional markers. We searched for currently available markers and transgenic mice that could enrich for three of our subpopulations: CD41
+ (Itga2b) to enrich for the C8 population expressing the megakaryocyte program (Mk), CD135 in combination with CD115 (Flt3 + /Csf1r + ) to enrich for the C10 (monocyte) subpopulation, and an Irf8 GFP-transgenic mouse along with MHC-II marker (Irf8 + /MHC-II + ) to enrich for population C11 (DC; Figure 3A ). MARS-seq and projection of the derived RNA profiles onto our cluster model ( Figures 3B and S4A ) indicated that sub-sorting provided 68%, 53%, and 37% specificity for the targeted Mk, monocyte, and DC early progenitors, representing an enrichment by factors of 27, 10, and 35, respectively, when compared to standard gating protocols. This allows for sensitive analysis to identify structure within these small groups. Analysis of the 230 cells that mapped to the Mk cluster C8 indicated that this group is homogeneously separated from the other sorted groups and is strongly marked by expression of Mkrelated genes ( Figures 3C and S4A) . Importantly, clustering and additional analysis showed significant heterogeneity within the C8 population ( Figure S4A ), linking both Mk-specific genes and cell-cycle factors with several subgroups within C8. To define how the variation within this group is linked with the Mk fate, we formed five groups of cells by stratifying over normalized levels of the most strongly expressed Mk-specific gene in the data, Pf4 ( Figure 3D ). We observed little correlation with the Pf4 groups for the regulator Zfpm1, suggesting that it is universally regulating this group. In contrast to this, we observed Pf4-contrasting patterns for the stem cell factors ApoE and Gata2 and strong Pf4 positive correlation with additional Mk genes, including Vwf and Cd9. Several additional genes were associated with negative and positive correlation to the Mk-specific signature represented by our stratification ( Figure S4B ). In summary, this analysis indicates that, within cluster C8, we can further detect a developmental continuum that is defined by a decrease in the expression of stem cell factors and a marked increase in Mk-specific gene expression program.
Interestingly, the 609 cells that were mapped to the monocyte cluster (C10) showed an analogous trend ( Figures 3B, 3C , S4A, and S4C). We performed a stratified analysis using ten levels of Mpo gene expression and identified monocyte-specific genes (Ly6e, Prtn3, Cstg) as positively correlated with the Mpo signature and several other genes (including Flt3 itself, Ptpn18, and Lsp1) as anti-correlated with the Mpo signature ( Figure 3E ). Similar to Zfpm1 in cluster C8, cluster C10 subgroups showed generally stable levels for their main regulator, Irf8. Finally, the 417 cells that were mapped to the DC cluster C11 showed a more complex structure with multiple transcriptional profiles ( Figures 3B, 3C , 3F, S4A, and S4D), including 5% (or 0.05% of the entire myeloid population) characterized by expression of Cd7 and Cfp and 10% (0.1% of the entire population) characterized by expression of Ccr7, Ccl5, and Ccl22. Given the heterogeneity within the DC cluster, the origin of these cells and linkage to other clusters therefore remain unclear.
Although previous studies suggested some degree of heterogeneity within CMP-for example, identifying CD41 as a possible marker defining a subpopulation with Mk or naive potential (Miyawaki et al., 2015; Pronk et al., 2007) amounts of GFP + donor populations of interest mixed with unlabeled wild-type supportive bone marrow cells into lethally irradiated recipient mice ( Figure 4A ; Experimental Procedures). Analysis of blood repopulation ( Figure S5A ) showed that donor CD41 + myeloid progenitors (C8-enriched) produced mostly platelets but also red blood cells ( Figures 4B, 4C , and S5), whereas Flt3 + Csf1r + CMPs (C10-enriched) failed to generate either. In contrast, Flt3 + Csf1r + donor CMP were much more effective than CD41 + myeloid progenitors in repopulating splenic niches ( Figure 4B ). Donor Flt3 + Csf1r + CMP preferentially produced dendritic cells, with a markedly lower production of granulocytes when compared to total CMP donor cells ( Figures 4D,  S5B , S5C). We failed to purify a sufficiently homogenous population of Irf8 + MHC-II + myeloid progenitors (C11), which prevented us from assessing the re-population potential of these cells. In summary, cells in cluster C8 and cluster C10 are restricted developmentally when compared to each other. Their heterogeneity cannot be regarded simply as transcriptional plasticity of a population with homogeneous differentiation fates. This restriction is, however, not complete, as observed for CD41 + (C8) Mk progenitors that can also give rise efficiently to erythrocyte lineages, even though their transcriptional state is distinct from those of the erythrocyte clusters C1-C7 in our single-cell analysis.
Primed Enhancer Landscapes in Myeloid Progenitors
Development and lineage commitment involve changes in the chromatin landscape. In order to evaluate chromatin state changes in our subpopulations and to systematically identify putative enhancers that may regulate the myeloid differentiation process, we performed iChIP (Lara-Astiaso et al., 2014) on the three populations described above (enriched for C8, C10, and C11). Replicate experiments showed that iChIP was specific and sensitive for detecting thousands of genomic regions associated with H3K4me2 (enhancer and promoter) for each of the populations ( Figures 5A-5I and S6A ). Using these high-resolution maps of enhancers, we were able to annotate regulatory regions with differential H3K4me2 intensity, including genes specifically expressed in the Mk, monocyte, and DC progenitor populations. For example, we detected differential H3K4me2-marked regions for Pf4 and Vwf in the megakaryocyte progenitor population, Irf8 and Csf1r in the monocyte progenitors, and Batf3 and Cd40 in the DC progenitor population (Figures 5A-5I and S6A). Motif finding in subpopulation-specific enhancers further associated their epigenetic state with specific regulatory programs ( Figure S6B ), including Gata2 for C8 and Pu.1 for C10-C11. To compare these three enhancer landscapes to previously characterized hematopoietic populations, we clustered enhancer loci into seven categories based on iChIP experiments for 12 cell types along the erythroid and myeloid branches (Lara-Astiaso et al., 2014; Figure 5J ). We projected the CD41 + , Flt3 + /Csf1r + , and Irf8 + /MHC-II + myeloid progenitor specific enhancer loci onto these clusters and calculated the overlap ( Figures 5J and  S6D-S6E ). In addition we profiled the average H3K4me2 intensities for each of our populations across each category of enhancers ( Figures 5K and S6C 
Cebpa Knockout Blocks Granulocyte and Monocyte Initial Specification
Cebpa emerged in our detailed population maps as a major TF distinguishing myeloid (neutrophil, monocyte, basophils, but not DC) from erythroid and Mk populations, consistent with earlier studies of its function in myeloid development (Graf and Enver, 2009; Ye et al., 2013; Zhang et al., 1997) . We used a conditional Cebpa knockout (KO) model (Cebpa
Mx1-Cre [Lee et al., 1997] ) and matching control (Cebpa flox/flox ; Figure S7A ) and examined the structure of the resulting myeloid progenitor subpopulations at single-cell resolution. Three weeks prior to sorting, Mx1-Cre was activated by poly I:C injection (to both KO and control) and deletion efficiency was validated by FACS ( Figure S7A ). Sorting of Cebpa KO and control myeloid progenitors ( Figures 6A and S7B ) was followed by MARS-seq and mapping to the myeloid population cluster model ( Figure 6B ; Table S5 ; Experimental Procedures). Although these experiments were conducted in mice housed in another facility using a different experimental set-up (poly I:C injection), the myeloid population model in the control matched our C1-C19 cluster reference, with only slight differences in relative frequencies of the erythrocyte progenitor clusters (Figure 6B) . Remarkably, the KO populations showed complete loss of all neutrophil, monocyte, and basophil clusters (C13-C18, Figure 6B ). This loss was matched by dramatic increase in the frequency of the erythrocyte progenitor cluster C7 (4.5-to 6.3-fold; Experimental Procedures) and a smaller increase in the frequency of the monocyte cluster C10 (1-to 2.1-fold) but did not change the overall frequency of the erythrocyte and Mk progenitor spectrum (C1-C6 and C8) nor the expression of the TFs regulating them ( Figures 6D and S7C-S7D) . In-depth analysis of the expression of key regulating factors across myeloid progenitor clusters showed that the expression of Pu.1 in expanded monocyte progenitor population (C10) was not affected by knockout of Cebpa, while Irf8 expression was strongly diminished ( Figure 6D ). Clustering of 452 KO cells that were associated with the expanded C7 cluster showed that 407 out of the 452 cells were associated with normal erythrocyte progenitor expression profiles as defined by high levels of Gata2, Zfpm1, and ApoE. Importantly, we also detected a subpopulation within this cluster, which co-expresses unrelated genes that were not observed in the control mice, including the granulocyte gene Mpo, the erythrocyte b-globin gene (Hbb-b1, but not Hba-a2), and the lymphocyte genes Gzmb and Tcb ( Figure 6C ''outgroup'' ). This aberrant expression pattern supports a role for Cepba in repressing non-myeloid lineages and suggests that myeloid cells may express lymphocytic and erythrocytic genes in the absence of proper lineage-determining TFs. In summary, single-cell analysis identifies that Cebpa acts as a central and early regulator of the neutrophil, basophil, and monocyte fates. The accumulation of cells in cluster C7 following Cebpa loss suggests that the progenitor clusters C9 and C10 either compete with or are generated by differentiation of C7 cells. On the other hand, the remarkable stability of erythrocyte cluster C1-C6 abundance in the presence of a 5-fold expansion of cluster C7 progenitor population reflects tight control on the regulation of exit from this progenitor compartment toward erythropoiesis.
Cebpe Knockout Leads to Neutrophil Progenitor Arrest Our analysis identified Cebpe as a factor specific to subpopulations expressing neutrophil or eosinophil genes (C16-C17 and C18). MARS-seq analysis of myeloid populations derived from a constitutive Cebpe KO model compared to matching control ( Figures 7A and S7E-S7F ; Yamanaka et al., 1997) indicated that the neutrophil clusters C16 and C17 were expanded by 4.5-and 4.8-fold, respectively ( Figure 7B ; see also Table S5 ). This suggests that Cebpe is not required for the initial differentiation toward a neutrophil progenitor state but for further differentiation and maturation out of the progenitor compartment. It also shows that, in a Cebpe KO background, cells that are committed toward a neutrophil fate but blocked from further maturation are incapable of switching their differentiation fate within the myeloid compartment (e.g., to expand monocyte clusters C14-C15 or others). Analysis of mean expression of neutrophil progenitor cells in control versus Cebpe KO mice identified relatively few genes that are directly regulated by Cebpe in this subpopulation ( Figure S7G ), also arguing toward a role for the factor later in the maturation processes. On the other hand, we identified strong induction of genes S100a9, Lnc2, F10, a possible weak induction of Cebpa in the knockout population ( Figure 7C ), and more global induction of S100a8 in progenitors and myeloid clusters. We hypothesize that these changes are reflecting deregulated system-wide signaling into the bone marrow following Cebpe depletion and neutropenia. In conclusion, MARS-seq analysis of Cebpa and Cebpe KO myeloid progenitor populations presents a framework for systematic examination of perturbed/ diseased in vivo myeloid differentiation dynamics coupled to identification of multiple regulatory pathways. Our analysis indicates that co-expression of TFs within subpopulations (e.g., as described in Figure 2C ) may either reflect an early regulatory driver function (as shown here for Cebpa) or perform a function during later developmental stages (as shown here for Cebpe).
DISCUSSION
Recent observations from multiple studies challenged the highly organized and hierarchical model of the hematopoietic lineage tree . A refined and commonly accepted model of hematopoiesis was, however, difficult to develop thus far, since specific markers for progenitor subpopulations were not identified and commitment hierarchies based on bone marrow transplantation experiments involve disruption of the niche structure and natural development. By performing singlecell RNA-seq on thousands of mouse bone marrow single cells, we derive here a detailed map of the dynamic transcriptional states within the main myeloid progenitor populations. At single-cell resolution, we observed extensive transcriptional sorting of bone marrow progenitors into multiple clusters showing neutrophil, basophil, eosinophil, monocyte, DC, erythrocyte, and megakaryocyte properties. The data show that standard MEP definitions lead to exclusive isolation of the erythrocyte progenitor spectrum, while GMP and CMP definitions combine together multiple distinct groups with variable degrees of relatedness that we quantify and define here for the first time. Importantly, our results establish a framework for studying development and function in the hematopoietic compartment that go beyond the identification of distinct cell types. For example, we define a spectrum of gradual erythrocyte specification and complex combinatorial organization within early neutrophil, basophil, and monocyte progenitors. We further show that, by enriching for specific subpopulations prior to MARS-seq, we can enhance the resolution of our cluster maps and zoom in on small subpopulations of transcriptional clusters to identify additional developmental spectra within these subsets. The observation of transcriptional sorting in the myeloid progenitor population is suggestive, but not proof, of the commitment of the observed transcriptional clusters to the developmental fates defined by their gene expression programs. Unlike previous reports (Miyamoto et al., 2002) , in wild-type mice, we categorically do not observe cells that significantly express multiple lineage-specific genes or transcription factors regulating different fates. For example, cells expressing both erythrocyte factors (such as Klf1 or Gata1) and myeloid (Pu.1, Cebpa), monocyte (Irf8), or neutrophil (Cebpe) TFs are never observed. This suggests that an intermediate state between these fates is rare in our gating strategy or only exists in a highly transient fashion. Additionally, knocking out the activity of the myeloid regulator Cebpa eliminates the buildup of transcriptionally sorted populations, suggesting that such sorting is not representing simple instability or stochastic fluctuations of a progenitor transcriptional program but is, rather, tightly regulated by distinct transcriptional circuits. Moreover, Cebpa KO bone marrow cells include a small subpopulation with highly aberrant transcriptional states marked by multi-phenotypic gene expression profiles that include erythrocyte, lymphocyte, and granulocyte genes. This result shows that such mixed states are possible in principle and are detectable by our technique but do not occur in wild-type transcriptional circuitries, at least at our current detection level. Taken together, our data argue in favor of regulated and consistent transcriptional priming within early myeloid cells, suggesting that, in vivo, primed cells will complete Figure 3B ]), compared to the control CMP population (see also Figure S6 ). + progenitors indeed suggests that their epigenetic landscape is still compatible, at least partially, with the profile of early hematopoietic stem cells. Furthermore, although we do not detect any trace of Mk-like cells within the classical MEP compartment, some of the major transcriptional regulators (Gata2, Zfpm1) and some potential markers (ApoE) are shared between early erythrocyte (C7) and Mk (C8) progenitors, but not with granulocyte and monocyte lineages. These observations may explain why Mk and erythrocyte progenitors retain some degree of plasticity in functional experiments. Given these considerations, we hypothesize that single-cell transcriptional analysis does provide a blueprint of the in vivo developmental trajectories of progenitors in the bone marrow and that transplantation-based functional assays outline a more plastic fate map due to the heterogeneity of sorted populations and the perturbed physiology of these experiments in Figure 6D . Error bars are calculated as in Figure 6D .
the donor progenitors and host bone marrow niches. Additional analysis of chromatin and genetic perturbations, as shown here, and studies of DNA methylation (Jeong and Goodell, 2014) , chromatin conformation (Lara-Astiaso et al., 2014), and niche structure (Boulais and Frenette, 2015) are all required to describe the interplay between gene expression and developmental commitment in early hematopoiesis in mechanistic terms. In conclusion, we describe here the transcriptional sorting of myeloid progenitors at single-cell resolution with minimal biases in a screen with sensitivity that is restricted only by the depth of our single-cell RNA-seq sampling and its sub-sorting follow-up studies. The resulting model is based on multiple TFs that combinatorially drive differentiation within the myeloid compartments and toward multiple functional cell types. We accumulate significant evidences that support the linkage between transcriptional and functional commitment and demonstrate the integration of MARS-seq with additional strategies (functional assays, chromatin studies, and genetic perturbation) for characterizing these populations in greater detail. Future work eliminating any marker-associated biases (e.g., Sca1 and c-Kit markers) may outline the complete spectrum of blood development toward all lineages and the regulatory circuits driving these processes. Together, the new model and the underlying methodology are immediately applicable in normal and aberrant human hematopoiesis (Cantor and Orkin, 2002; Rosenbauer and Tenen, 2007) with substantial potential to define new markers, targets, and pathways shared across various hematological diseases.
EXPERIMENTAL PROCEDURES Mouse Strains
Gene expression and chromatin analysis was performed on 6-to 8-week-old female C57BL/6 mice. For functional reconstitution assays, donor cells were isolated from C57BL/6 CD45.2 Ub-GFP mice and were transplanted into CD45.1 congenic mice. The conditional Cebpa flox/flox Mx1-Cre was induced by three injections of 300 mg poly(I:C) into 11-week-old mice over the course of 4 days.
Isolation of Hematopoietic Progenitors from Bone Marrow
Bone marrow was isolated from mouse tibiae femora and ilia leg bones, filtered through a 70 mm cell strainer, and the cell suspension enriched for c-Kit expressing cells using magnetic cell separation (Miltenyi Biotec Germany; #130-091-224) according to manufacturer's instructions. Cells were then stained and FACS sorted through a FACSAria Fusion cell sorter (BD Biosciences). Myeloid progenitors, including CMP, GMP, and MEP, were defined as Lin À (lineage negative) c-Kit + Sca1 À and gated by the levels of the FcgR and CD34 markers ( Figure S1B ). Lineage markers included: anti-mouse Ter-119, Gr-1, CD11b, B220, CD19, CD3, CD4, and CD8. Antibody clones used in this study are listed in Table S6 .
Single-Cell Index Sorting Isolated cells were single-cell sorted into 384-well cell capture plates containing 2 ml of lysis solution and barcoded poly(T) reverse-transcription (RT) primers for single-cell RNA-seq . Barcoded single-cell capture plates were prepared with a Bravo automated liquid handling platform (Agilent), as described previously . To record marker levels of each single cell, the FACS Diva 7 ''index sorting'' function was activated during single-cell sorting. While index sorting, single cells were sorted from the entire Lin À c-Kit + Sca-1 + space, and the intensities of the FcgR and CD34
FACS markers were recorded and linked to each cell's position within the 384-well plate ( Figure 1A ). Sorting efficiency was >95% of the wells analyzed.
Massively Parallel Single-Cell RNA-Seq Library Preparation Single-cell libraries were prepared as previously described . In brief, mRNA from cells sorted into massively parallel single-cell RNA-seq (MARS) capture plates are barcoded and converted into cDNA and pooled using an automated pipeline ). The pooled sample is then linearly amplified by T7 in vitro transcription, and the resulting RNA is fragmented and converted into a sequencing-ready library by tagging the samples with pool barcodes and Illumina sequences during ligation, RT, and PCR. Each pool of cells was tested for library quality and concentration is assessed as described earlier .
Sequencing and Low-Level Processing
All RNA-seq and ChIP-seq libraries (pooled at equimolar concentration) were sequenced using Illumina sequencers, either a HiSeq-1500 or a NextSeq 500, at an average sequencing depth of 78,682 reads per cell for RNA-seq and 6,446,930 reads per sample for ChIP-seq. We used statistics on empty-well spurious unique molecular identifier (UMI) detection to ensure that the batches we used for analysis show a low level of cross-single-cell contamination. Details on low-level processing and quality control are available in the Supplemental Experimental Procedures.
A Batch-Aware, Multinomial Mixture Model for Single-Cell RNA-Seq Data We enhance our previously described mixture model for single-cell RNA-seq data to accommodate larger datasets with multiple batches and possible associated biases. In brief, we implemented a multiplicative probabilistic model that represents the probability of sampling UMIs for each gene as a function of the cell's cluster and batch. We then inferred cluster and batch parameters using an expectation maximization (EM)-like procedure using non-linear optimization of the batch and cluster parameters' likelihoods in iterations. See Supplemental Experimental Procedures for complete description of the algorithm.
Clustering and Computational Post-processing
We refined our EM-based clustering approach by adding pre-filtering of gene modules associated with cell cycle or stress and post-processing of clustering results to identify remaining outlier genes. Complete details of our computational procedures can be found in the Supplemental Experimental Procedures.
In Vivo Differentiation Assay
Six hours prior to bone marrow transplantation, CD45.1 recipient mice were lethally irradiated with two subsequent X-ray doses of 550 cGy and 500 cGy that were administered 3 hr apart. After irradiation, drinking water was supplemented with 200 mg ciprofloxacin/ml. GFP + CD41 + cells were isolated from CD45.2 Ub-GFP donor mice as described above. Between 10,000 and 25,000 donor cells were injected intravenously together with 50,000 CD45.1 flushed whole bone marrow carrier cells. After 10 days, blood and spleen was collected and analyzed by FACS.
ACCESSION NUMBERS
The accession numbers for the RNA-seq and ChIP-seq datasets reported in this paper are GEO: GSE72857, GSE72858, and GSE72859. 
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